ABSTRACT. This paper describes the application of case-based reasoning (CBR) to provide decision support for the NOT engineer during Inspection Qualification. A key element of this process is to present experimental evidence on the effectiveness of the inspection. A prototype for the system has been developed using a case-base which describes the defect, the probe and response. This paper discusses the motivation for the system, the case structure, weightings, similarity measures, retrieval techniques and its design and implementation.
INTRODUCTION
This paper discusses a case-based reasoning (CBR) system that provides decision support for the NDT engineer during Inspection Qualification (IQ). A main component of IQ is to present evidence on the effectiveness of an inspection. This may take the form of theoretical modelling and/or practical trial data from costly test pieces. In Inspection Qualification, practical trial data carries more weight than modeled data. However, manufacturing test blocks and obtaining trial data is costly and time consuming; because of this trial data is limited. Therefore a system that allows the re-use of previous practical trial data and modeled data in a CBR system, as evidence of a current inspection's performance, would be advantageous. This paper describes such a prototype CBR system, entitled "smartlQ". The first section will deal with the motivation for the system. A brief description of case-based reasoning will follow and this will lead onto the description of the smartlQ system. Subsequent sections will deal with the case structure, weightings and similarity measures for smartlQ. The paper then concludes by discussing the benefits of the system.
BACKGROUND
As stated above, obtaining practical trial data is costly and time consuming and therefore data is limited. Currently existing data is not realizing its full potential, even if made available on a relational database; for non-database users, multiple field queries can become too complex and traditional database systems are only designed for exact matching between fields. However case-based reasoning can overcome these problems. A CBR system will allow retrieval of the most similar set of previously solved problems (called cases) instead of exact matching. A currently available database of experimental trial data, containing information on all relevant parameters of the ultrasound inspection, has been adapted as a foundation for the smartlQ CBR system.
CASE-BASED REASONING
The standard definition of case-based reasoning [1] [2] [3] [4] states that it is an artificial intelligence technique that emulates the human thought process of retrieving solutions to a problem based on past experiences. That is, previously solved problems are used to generate solutions for new problems. Figure 1 explains how this is achieved. Firstly the problem must be described in a structured manner, usually with numerical or textual values. These are the case parameters or attributes. Then, using the defined case structure a query case can be created that describes the current problem. The CBR cycle shown in Figure 1 explains the 'classic' CBR activities.
The current problem's characteristics are compared against retrieved examples from a case base. Similar examples can be re-used directly or can be used to generate revised examples to be retained in the case base. This cycle is very rarely done without human interaction and usually a domain expert will make any final decisions. CBR systems have been shown to be useful in a number of NDT problem areas. Both Jarmulak et al [5] [6] and Perner [7] have investigated using CBR for interpretation and classification. Jarmulak et al [5] [6] built two systems, one for the interpretation and classification of eddy current signals and another to interpret B scan signals from rail defects, whilst Perner [7] investigated using CBR for image segmentation. The following section will show how this set of principles has been used to aid the qualification process.
THE CBR CYCLE
FIGURE 1. The working CBR Cycle based on Aamodt and Plaza [3] .
THE "SMARTIQ" SYSTEM ARCHITECTURE
The smartlQ CBR process follows the above principles, relating them specifically to the domain of Inspection Qualification. The 'input problem' is to successfully qualify an inspection using experimental evidence to prove its effectiveness. Previous trial data that is most similar to the current inspection is retrieved. Justifiably similar responses from previous inspections can be re-used as evidence. Revision can be carried out by comparing modeled data to real data from the case base and interpolating to predict "experimental" data for the new case.
SmartlQ software has been developed to carry this process out, and operates using 3 layers. As a back-end, and method of storing cases of previous trial data, a Microsoft Access database is used. Flexible CBR software called "Orenge" acts as middleware. This enables CBR within the application and is also used to create the case structure, weightings and similarities. A web-based interface is used as a front end, which connects to the CBR software using a web server and CGI scripts. When building this system there were three important issues to be considered regarding case-based reasoning. These are: (i) defining what the case structure should be, i.e. what parameters are important in describing an inspection ; (ii) defining the relative importance of parameters via an assigned 'weight'; (iii) defining a scale of 'similarity' within the possible range of values of an individual parameter. The next section will deal with the first of these issues, case structure.
CASE STRUCTURE
Case structure must effectively describe the problem/solution and must fit the enduser's requirements. Therefore case structure development was carried out through a structured interview with two experts in the field of ultrasonic NDT and who would eventually be end-users of the system. The purpose of a case within the smartlQ system is to describe an inspection (practical trial). Therefore case parameters had to be chosen to satisfy this. Twenty-one parameters were chosen in total. The inspection was split into three major elements, which were the probe, the defect and the inspection itself. Then each element was discussed and important parameters were recorded.
Examples of probe parameters used are probe angle and wavelength, both of which are numerical values. Wavelength was found to be more useful than just frequency on its own, which has not been implicitly stored in the case. Examples of defect parameters used are tilt mis orientation and defect type. Defect tilt is not meaningful on its own but has to be considered in relation to the beam axis, hence the parameter tilt misorientation. This is an important parameter as the response from the defect is strongly dependent on its value. Defect type however is an enumerated type and contains some general class of defect such as lack of fusion, smooth crack or rough crack etc. This is also important since it is desirable to have the system retrieve similar types of defect.
These twenty-one parameters or attributes make up a case in the smartlQ system. This case structure is then used to create the case base. This is carried out using an MS Access database and CBR software "Orenge" by Empolis Knowledge Management. The case structure is created in Orenge and then mapped to the database to identify the correct records. Each record in the database then becomes a case in the case base. Cases can be easily added or removed using the database. With the case structure defined a query case can be created and sent to the smartlQ system. The next section will explain how the smartlQ system carries out a CBR search and calculates the overall similarity.
CASE RETRIEVAL
There are various retrieval techniques in CBR. Two of the most commonly used techniques offered by commercial CBR tools are nearest neighbor and induction. The latter uses a decision tree structure and usually is used for help desk and diagnosis type problems. This is not suited to Inspection Qualification, which is much more akin to design type problems. Therefore the smart IQ system uses a nearest neighbor technique to calculate overall similarity. This is perhaps the most widely used retrieval technique of all the CBR tools. A general nearest neighbor algorithm for overall similarity is given as:
Where T is the target case; S the source case; n the number of parameters in the case structure; / is the current parameter index from 1 to «;/a function describing the individual similarity in cases T and S for the current parameter /; and w the weighting of the parameter. This calculation is carried out for every case S in the case base and is usually shown as a percentage, with 100% meaning an exact match. The nearest neighbors to the target case T are then ranked by similarity. It can be seen from Equation 1 that the overall similarity depends on the values of the weightings w and the similarity function f(T, S). Therefore the knowledge behind the choice of these weightings and similarities is the most critical component in the design of any CBR application. These topics will be covered in the following sections.
WEIGHTINGS
Once the case structure has been constructed then each parameter of the case has to be assessed and weighted according to its importance within a search. The weighting assessment strategy involves carrying out knowledge elicitation. This means holding a structured interview with experts, during which discussions take place that allow the parameters of a case to be placed in order of importance and numerical weighting values assigned. The logic behind such decisions is also recorded since this expert knowledge is useful in its own right.
In order to prioritize twenty-one parameters, three weighting categories were decided upon -strong, intermediate and weak. Each parameter was then assessed and assigned to a group. This reduced the number of parameters that were worked upon at one time. A 'paired weighting' prioritization technique was then employed to order the parameters within each category. Paired weighting only works with small group sizes up to approximately ten values. The technique involves comparing parameters in pairs and passing the more important parameter on; this process is repeated until only the most important parameter is left. This parameter is removed from the group and the whole process is then iterated to yield a prioritized list, to which numerical weights are then assigned. A scale of 2 to 10 is used, with 10 the most important.
If tilt misorientation is taken as an example, this is considered to be quite important and was given a value of 7 by the experts since the ultrasonic response is strongly dependent on this factor. The weighting of some parameters, such as range, is more complex, being dependent on other parameter values. These weights need to be changed 'dynamically'. For example the weighting of the range parameter varies from 5 to 8 depending on whether the defect is in the far-field of the probe, and whether the response is DAC-corrected. For parameters that are not to be included in the search and associated similarity calculation, a weight of zero can be assigned.
INDIVIDUAL SIMILARITIES
During a case-based search, queries are compared to cases in the case base and overall similarity values calculated according to equation (1) . For this purpose it is necessary to define a set of individual similarity measures that apply to the range of values of the particular parameters in the case. The type of similarity measure varies according to the case parameter. The smartlQ system uses two types of parameter, numeric and textual, resulting in two types of similarities, numeric and tabular. During knowledge elicitation each case parameter is assessed and an intuitive, reasonable similarity measure decided upon.
For example, Figure 2 displays a possible similarity measure for the case-parameter tilt misorientation as a bell-shaped curve; similarity begins to fall off with increasing severity as tilt misorientation deviates from the query value. At around ±10° deviation, similarity is assigned a value around 80%, dropping off rapidly to zero for deviations of around ±15°. These types of intuitive estimates are at the heart of a CBR system and allow the system to be progressively refined according to user feed-back. Developers of CBR systems are now looking to include the rational behind the chosen similarity in the result that is displayed to the user. This would be beneficial as the resulting use of the system hinges on believability. The other form of similarity used in the smartlQ system is that shown in Figure 3 . This is a tabular similarity for the case parameter 'defect type'. Here there are six possible defect types in the query, which are compared with their counterparts in the casebase. The diagonal represents a 'perfect' similarity and other legitimate comparisons have been assigned reasonable estimated values. Thus, a lack of fusion defect has been described as 80% similar to a smooth crack and 20% to a rough crack. 
SYSTEM DEMONSTRATION
The user interface to the smartlQ system is a standard web browser. From there the user can enter a query and click 'find'; the system will then retrieve a set of cases from the case base which are similar to the query case. These are ranked in order with the most similar first, allowing the user to immediately quote similar data where defect responses have been detectable and if necessary construct arguments to justify their similarity.
The interface for constructing a query is shown in Figure 4 . Data is entered via drop-down lists or dialogue boxes. When "find" is clicked the system will return a page displaying the query together with a set of ranked cases. An example is shown in Figure 5 , where cases are presented with an overall percentage similarity. The individual similarity of each parameter is shown via a tool tip display when the cursor is held over a variable on the screen. 
CONCLUSIONS
Case-based reasoning has been shown to be a useful methodology when dealing with experimental data during inspection qualification. It encapsulates knowledge relating to the intelligent re-use of experimental data. This knowledge is the key to a good CBR system and the resulting system is only as good as the knowledge captured for the weightings and similarities. Early indications show that this system will be beneficial for providing access to past results and for generating evidence for inspection qualification. This will hopefully reduce the number of test blocks required.
